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ScienceDirectAdvances in computer hardware, software and algorithms have
now made it possible to run atomistically detailed, physics-
based molecular dynamics simulations of sufficient length to
observe multiple instances of protein folding and unfolding
within a single equilibrium trajectory. Although such studies
have already begun to provide new insights into the process of
protein folding, realizing the full potential of this approach will
depend not only on simulation speed, but on the accuracy of
the physical models (‘force fields’) on which such simulations
are based. While experimental data are not available for
comparison with all of the salient characteristics observable in
long protein-folding simulations, we examine here the extent to
which current force fields reproduce (and fail to reproduce)
certain relevant properties for which such comparisons are
possible.
Addresses
1D. E. Shaw Research, New York, NY 10036, USA
2Department of Biochemistry and Molecular Biophysics, Columbia
University, New York, NY 10032, USA
Corresponding authors: Piana, Stefano (Stefano.Piana-
Agostinetti@DEShawResearch.com), Shaw, David E
(David.Shaw@DEShawResearch.com)
Current Opinion in Structural Biology 2014, 24:98–105
This review comes from a themed issue on Folding and binding
Edited by James CA Bardwell and Gideon Schreiber
For a complete overview see the Issue and the Editorial
Available online 24th January 2014
0959-440X/$ – see front matter, # 2013 The Authors. Published by
Elsevier Ltd.
http://dx.doi.org/10.1016/j.sbi.2013.12.006
Introduction
A longstanding goal within the field of molecular biology
has been to understand the principles that govern protein
folding — the self-assembly process that leads from an
unstructured polypeptide chain to a fully functional
protein [1–5]. Although important progress toward this
goal has been made using various experimental tech-
niques [6,7,8], such methods do not permit the direct
examination of complete, continuous folding pathways at§ This is an open-access article distributed under the terms of the
Creative Commons Attribution-NonCommercial-ShareAlike License,
which permits non-commercial use, distribution, and reproduction in
any medium, provided the original author and source are credited.
Current Opinion in Structural Biology 2014, 24:98–105 an atomistic level of detail. Molecular dynamics (MD)
simulations, on the other hand, generate continuous,
atomic-resolution trajectories, providing a potentially
powerful complement to experimental results in eluci-
dating key aspects of the folding process. Such simu-
lations, however, are based on inexact models (force
fields) of the forces underlying protein dynamics, and
are also extremely demanding from a computational
viewpoint, thus limiting the duration of the biological
phenomena that may in practice be simulated.
Although simulations have been used for decades to study
various aspects of the protein-folding process [9], until
recently the length of a typical all-atom, physics-based
MD simulation fell short of the folding times of even the
fastest-folding proteins. Researchers often employed
alternative approaches and approximations that were less
computationally demanding than conventional MD, but
capable of shedding light on at least some salient charac-
teristics of the folding process [10,11,12,13,14–29].
(Examples include simplified abstractions of the protein
[30,31], implicit solvent models [32], enhanced sampling
algorithms [33–35], and techniques involving the aggre-
gation and analysis of large numbers of short simulations
[36,37].) Relatively few attempts [38–40] were made,
however, to observe complete folding trajectories using
atomic-resolution MD simulations with physically realis-
tic force fields.
The development of special-purpose hardware for high-
speed MD simulations [41], however, has extended the
reach of all-atom, physics-based, explicit-solvent simu-
lations to periods on the order of a millisecond — about
two orders of magnitude beyond what was previously
feasible, and significantly longer than the folding times of
many fast-folding proteins. Long simulations can be
especially useful when performed near the protein melt-
ing temperature, where the folded and unfolded states
are equally populated and folding and unfolding occur on
the same timescale. A single such MD simulation can
encompass multiple folding and unfolding events [42],
allowing a detailed mechanistic analysis of the folding
process and meaningful estimates of various quantities
related to the kinetics and thermodynamics of folding
[43].
These simulation studies have examined the folding of
proteins up to 100 amino acids in size [44], since larger
proteins tend to fold on longer timescales. Using a simplewww.sciencedirect.com
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estimate that 10% of the single-chain proteins in the
Protein Data Bank (PDB) have folding times that fall
within a range now accessible to MD simulation (a few
milliseconds or less). This fraction is expected to grow as
further advances are made in special-purpose hardware
and algorithms for high-speed MD simulation, and may
reach a third of the PDB within the next decade.
Since the folding times of many proteins now fall within a
range accessible to MD simulation, the extent to which
such simulations are able to extend our understanding of
protein folding is becoming increasingly dependent on
force field accuracy. On the one hand, it is now clear that
current state-of-the-art force fields, particularly when
employed in very long MD simulations, are sufficiently
accurate to generate significant new insights into the
folding process [46,47]. The physical models on which
such force fields are based [48], however, are far from
perfect. Understanding the nature and magnitude of the
remaining discrepancies can be useful both in assessing
the credibility of various types of simulation results and in
modifying existing force fields to further improve their
accuracy. In this review, we examine certain data derived
from long MD simulations published over the last few
years with an eye toward evaluating the accuracy of the
force fields typically used in protein-folding studies.
While some tests of force field accuracy (e.g. comparisons
with the results of quantum mechanical calculations) can
be performed using only computational data, the extent
to which biologically significant experimental findings are
recapitulated in simulation provides a singularly import-
ant touchstone for evaluating the utility of a force field.
This form of evaluation, however, is complicated by the
very characteristic that makes simulations most valuable
as a complement to experiments: their ability to provide
information that is difficult to obtain experimentally. In
particular, some of the most interesting findings derived
from long MD simulations of protein folding involve the
sequence of events that occur as proteins transition over
their folding barriers. Direct experimental characteriz-
ation of the folding-barrier region is difficult, however,
due to its low equilibrium population, which limits the
experimental data available for quantitative comparison
with simulation results.
In light of this limitation, we focus in this review on a
number of folding-related properties for which data are
available both from experiments and from long-timescale,
explicit-solvent MD simulations. We begin by examining
the extent to which current force fields reproduce various
experimentally measured properties of the two endpoints
of the protein-folding process: the folded and unfolded
states. We find that in many cases, simulation studies
provide a remarkably accurate description of the structure
and dynamics of the highly ordered folded states typicalwww.sciencedirect.com of globular proteins. The unfolded states observed in
simulation, however, are typically more collapsed than
those found experimentally. We then compare exper-
imental and simulation-based measurements of certain
global protein-folding observables like folding enthalpies
and folding rates. We find that folding rates and folding
free energies are in reasonable agreement with exper-
iment, while protein-folding enthalpies are typically too
small.
Modeling the folded state of proteins
Recent papers have critically evaluated the performance
of force-fields commonly used in protein-folding simu-
lations, focusing primarily on how accurately they re-
produce the native-state structure and dynamics of
proteins [49,50,51,52,53]. Several of these force fields
were found to provide rather accurate representations of
the structure and dynamics of a number of small globular
proteins on the submicrosecond timescale (although long
simulations of larger, more flexible proteins were found
to be more problematic [54]). In the latest variants of
the Amber99SB-ILDN force field [55] (Amber99SB*-
ILDN [56] and Amber99SB-ILDN-NMR [57]) and of
the CHARMM force field (CHARMM22* [58] and
CHARMM36 [59]), the error in the calculated NMR
observables was often found to be similar to the exper-
imental error.
Beauchamp and colleagues also examined the perform-
ance of these force fields in a variety of solvents and
concluded that while the use of implicit solvation leads to
severely degraded accuracy, there is not a large difference
among the levels of accuracy achieved with different
water models [51]. A slightly different conclusion was
reached by Cerutti and colleagues, who investigated the
stability of a protein crystal using various combinations of
protein force fields and water models [60]. They observed
clear differences between force fields and found that
three-point water models, which are recommended for
use with Amber and CHARMM protein force fields,
performed better than a four-point water model. In gen-
eral, it was also found that Amber99SB gave the best
results in terms of B-factors and stability of the protein
lattice.
Because of the comprehensive nature of these types of
studies, in which a number of protein systems must be
simulated using a variety of different force fields, indi-
vidual simulations have often been relatively short —
typically less than 1 ms. Transitions among distinct con-
formational states of a folded protein occur relatively
infrequently, however, and often go unobserved in sub-
microsecond simulations. As a result, simulations on that
timescale are often able to sample only a region of the
protein’s conformational space that lies relatively close to
its starting structure. This raises the question of whether
the force field accuracy results obtained on a ns-to-msCurrent Opinion in Structural Biology 2014, 24:98–105
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Comparison of experimental and simulation-derived radii of gyration.
Red points represent the radius of gyration (Rg) calculated from MD
simulations of a number of unfolded proteins, including the N-terminal
domain of HIV-1 integrase (IN) [73], ubiquitin (Ubq) [74], and the pH-
denatured Acyl-CoA binding protein (ACBP) [75]. (Data points marked
with red circles are from simulations performed with the CHARMM22*
force field [62,66,72], while those marked with red squares are
performed with the ff99SB*-ILDN force field [43].) The dashed line
represents the corresponding experimental Rg values for unfolded
protein chains of the same length, as generated by the model of Kohn
et al. [70], which was fitted based on experimental data from a large
number of proteins under conditions of high denaturant concentration.
The unfolded state observed in simulation is far more collapsed than the
corresponding experimental values, and is in fact only slightly more
expanded than the folded state (blue circles).timescale are also observed in simulations of ms-to-ms
duration — a timescale that often encompasses a signifi-
cant number of state transitions, and a larger portion of
the conformational space.
A study that employed simulations up to 10 ms long [50]
reported results in line with those obtained from shorter
simulations: comparisons with experimental data revealed
that several state-of-the-art force fields now appear to
provide an accurate description of many structural and
dynamical properties of proteins. Millisecond-scale simu-
lations of the folded states of two small, globular proteins
(BPTI [61] and ubiquitin [62]) have provided an even
broader, more demanding touchstone for the evaluation of
force field accuracy. In both of these studies, transitions
were observed among several alternative native-like struc-
tures that were not observed in shorter simulations. The
experimentally determined native structure of both
proteins appeared as one of the most populated confor-
mations, and experimental support was also found for the
existence of some of the alternative conformations.
Although there is room for further improvement, the
extent to which these tests succeed in reproducing many
native-state observables, often with experimental
accuracy, suggests that at least in favorable cases, some
of the force fields currently used in MD simulations of
protein folding are sufficiently accurate to provide a
remarkably faithful description of the folded state of
small globular proteins.
Modeling the unfolded state of proteins
The unfolded state of a protein is characterized by a large
number of different conformations with similar free ener-
gies, and even small force field inaccuracies can signifi-
cantly alter the structural and dynamical properties of this
state. Simulations of the unfolded state thus provide a
potentially rich source of information about both the
magnitude and origin of force field inaccuracies.
Among the most useful force-field properties that can be
examined in unfolded-state simulations is the relative
stability of different secondary structure elements. Non-
physical imbalances in the tendency to form alternative
secondary structures may impose significant limitations
on the usefulness of computational studies of protein
folding [63], and such imbalances are often more readily
apparent in simulations of the unfolded state than in
simulations of folded proteins. By way of example, the
CHARMM27 force field, which provides an excellent
description of the folded state of proteins, generates
unfolded states that are substantially more helical than
are found experimentally [50]. Such imbalances can have
significant consequences not only in studies of the
unfolded state itself, but also in investigations that aim
to elucidate various aspects of the protein-folding process
[50,63,64].Current Opinion in Structural Biology 2014, 24:98–105 In the helix/coil-balanced variants of the Amber [56,65]
and CHARMM [58,59] force fields, the problem of
obtaining the correct stabilities for helical structures in
the unfolded state is addressed by explicitly including in
the parameterization NMR and CD data reporting the
helical content of small alanine-based peptides [56].
These helix/coil-balanced force fields have been shown
to provide a remarkably accurate description of the con-
formational preferences of short polypeptides [51,56,59],
and are among the most transferable in protein-folding
simulations [43,66,67]. Remaining discrepancies
observed in small-peptide simulations are a slightly incor-
rect balance between the stability of PPII and b confor-
mations [68] and an enthalpy of helix formation that is
smaller than the experimental value [50,56].
It has been observed that MD simulations of proteins
larger than 20–30 amino acids tend to produce unfolded
states that are more compact and structured than those
suggested experimentally [69]. By way of example,
Figure 1 reports the radius of gyration (Rg) of the pH-
denatured Acyl-CoA Binding Protein (ACBP); of the N-
terminal domain of HIV-1 integrase (IN), which is
natively unfolded in the absence of zinc; and of thewww.sciencedirect.com
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to their respective melting temperatures. The Rg of the
unfolded state of most of these proteins is only marginally
larger than that of the folded state, and is much smaller
than the Rg of proteins of similar sizes unfolded in
solutions with a high denaturant concentration [70].
While in the absence of denaturant some degree of hydro-
phobic collapse is expected [71], this collapse is usually
smaller than that observed in simulations. A direct com-
parison between experiment and simulation can be made
for three proteins, whose Rg has been measured exper-
imentally under conditions similar to the simulation con-
ditions (IN [SP and DES, unpublished results]; ubiquitin
[50]; and ACBP [72]); in all three cases the experimental
Rg (IN 23 A˚ [73]; ubiquitin 27 A˚ [74]; ACBP 19.5 A˚ [75]) is
significantly larger than that observed in simulation (Figure
1). Similarly collapsed unfolded states were also obtained
by other researchers studying other combinations of force
fields and water models in simulations of the GB1 hairpin
[17], CspTm [76], and Protein L [77].
The reason for these discrepancies is not entirely clear,
but both the Amber and CHARMM force fields exhibit
the same symptoms, with Amber (red squares in Figure 1)
generally generating more compact unfolded states than
CHARMM (red circles in Figure 1). These results
suggest that there may be a general problem with either
the functional form or the force-field parameterization.
An abnormal collapse could alter the structural properties
of the unfolded state, encouraging the formation of native
and non-native secondary structure motifs (in particular,
a helices) [74,78], and considerably slowing down the
dynamics [72,77].
Protein-folding rates and thermodynamics
Despite the fact that some of the structural properties of
the unfolded state are not well reproduced by current
force fields (see section: ‘Modeling the unfolded state of
proteins’), good agreement has often been observed be-
tween the calculated and experimental values for folding
rates and melting temperatures. In some cases, this may
be the result of cancellation of errors. By way of example,
protein-folding simulations performed using the TIP3P
water model, which has a viscosity much lower than the
experimentally determined value for real water [79],
would be expected to result in calculated folding rates
that are too fast, but the folding rates observed in simu-
lation are actually equal to or slower than the correspond-
ing experimental values [62,66]. Although it is difficult to
ascertain the cause of this result, explanations include the
possibility that simulations may overestimate the folding
free-energy barriers or the amount of internal friction
present during structural rearrangements.
Calculated folding free energies are also often (though
not always) highly accurate. While this suggests that inwww.sciencedirect.com some cases protein-folding simulations can be success-
fully used to make quantitative predictions, care should
be taken not to overinterpret these findings, since nega-
tive results obtained from unsuccessful folding simu-
lations in which the native fold ultimately turns out to
be unstable are rarely published (for a notable exception,
see [40,64]). In a systematic attempt to study the folding
of a number of fast-folding protein domains with simu-
lations conducted using a single force field [66], the
calculated melting temperature for most of the proteins
investigated was found to be lower — sometimes by tens
of degrees — than the experimentally estimated value,
and for one of the proteins it was so low that folding
simulations could not be successfully performed. It is
worth noting that these results were obtained with
CHARMM22*, the force field that exhibited the highest
transferability among different protein classes.
Performing a direct experimental validation of the folding
mechanisms observed in simulations requires an exper-
imental characterization of the intermediate states of
protein folding, which is a difficult task. Techniques such
as F-value analysis and its variants [8,80], however, which
are based on the comparison of folding rates and folding
free energies of point mutants of a protein, can provide
indirect structural information on the transition state for
protein folding. Calculating F values from simulation is
conceptually straightforward, but this approach can
require a great deal of computer time, since accurate
folding rates and folding free energies must be calculated
not only for the wild-type protein, but also for multiple
mutants, by performing extensive reversible folding
simulations for each of them [42,81]. In the few cases
in which such calculations have been performed using
atomistic, explicit-solvent simulations [43,61], good
agreement has generally been observed between the
calculated and experimental F values. These results
indicate that force fields can capture the effect of various
mutations on folding rates and folding stabilities, and lend
some support to the folding mechanisms observed in such
simulations.
While good agreement with experiment can generally be
obtained for folding times and protein stabilities, large
discrepancies are typically observed for thermodynamic
properties like the enthalpy and heat capacity of folding.
Folding enthalpies derived from simulations are generally
much smaller than those obtained from experiments
(Figure 2), especially for helical proteins (with the notable
exception of the three-helix bundle a3d, whose calcu-
lated folding enthalpy is in excellent agreement with the
experimental estimate). Heat capacities of folding are
more difficult to calculate from simulation with high
precision, but the available data suggest that they may
also be too small [43,66]. It has been suggested that part
of this discrepancy may be due to the poor temperature-
dependent properties of the TIP3P water model [82]Current Opinion in Structural Biology 2014, 24:98–105
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Comparison of experimental and simulation-derived unfolding
enthalpies. In this scatter plot, circles represent values calculated using
the CHARMM22* force field [62,66], while triangles represent values
calculated using Amber ff99SB*-ILDN [43]. Experimental measurements
for chignolin, Trp-cage, villin, and Nle/Nle villin were performed under
conditions closely matching the simulation setup [92–96], while those of
the other proteins were performed on slightly different protein
sequences and/or at different pH [97–102].used for many explicit-solvent simulations, and indeed,
some improvement is observed in simulations performed
with the TIP4P-2005 water model [65], which more
accurately reproduces water properties across a wide
temperature range [83].
Although the systematic underestimation of folding
enthalpies in simulation could be the result of a specific
interaction being poorly described by current force fields,
it is not clear whether (or to what extent) this is in fact the
case. One alternative explanation, for example, might be
a more general phenomenon arising from differences in
the degree of structural heterogeneity of the folded and
unfolded states. We begin by noting that the folding
enthalpy may be thought of as the average enthalpy of
the tightly constrained conformational ensemble that
constitutes the native state minus the average enthalpy
of the structurally diverse conformations that together
constitute the unfolded state. Let us now assume the
existence of a ‘perfect’ force field that exactly reproduces
the enthalpies of the folded and unfolded conformational
ensembles (and thus the folding enthalpy), and consider
how the simulation-derived enthalpies of these two states
would be likely to change if small perturbations were
made to parameters of that perfect force field.Current Opinion in Structural Biology 2014, 24:98–105 Perturbing the perfect force field would be expected to
shift the composition of the structurally heterogeneous
unfolded ensemble in such a way as to increase the
population of conformations whose enthalpies have
decreased and decrease the population of conformations
whose enthalpies have increased. Other things being
equal, force field perturbation should thus tend to
decrease the average enthalpy of the unfolded state.
The folded ensemble, on other hand, has a high degree
of structural homogeneity, and perturbation of the force
field is likely to have similar effects on the enthalpies of
the various conformations that are present in that ensem-
ble. The population-shifting effect should thus be far less
pronounced in the case of the folded state, resulting in a
smaller reduction in the average enthalpy. Other things
being equal, force field errors should thus be expected to
result in a reduction of the folding enthalpy measured in
simulation.
This observation suggests that it may be valuable to
include folding enthalpy as one of the key experimental
quantities one tries to reproduce in the course of force-
field optimization. Some examples along these lines can
be found in the literature (e.g. using as a target function
the enthalpy of helix formation for small alanine-based
polypeptides [58,65,84], or using force-field optimization
protocols that attempt to maximize the gap between the
total energy of the native state and that of any possible
alternative conformation [85–88]).
Conclusions
Now that fully atomistic, physics-based MD simulations
exceed the millisecond timescale, force-field accuracy
largely determines the overall accuracy achievable in
computational studies of many fast-folding proteins.
We have thus examined here how accurately physics-
based force fields can reproduce experimental quantities
that are relevant to protein folding. We find that the
prediction of native-state structures and folding rates
appears to be more robust with respect to errors in the
potential-energy function [89–91] than is the prediction
of the detailed kinetics or that of the unfolded-state
structural properties. It is generally observed that the
enthalpy of the folded state in simulation is lower than
that measured experimentally; we argue, however, that
this need not be the result of a specific force-field
deficiency, but could be the result of the accumulation
of a number of small, unrelated errors in the various force-
field parameters.
While improvements in the potential-energy function
have previously been mostly benchmarked against repro-
ducing the structure and dynamics of the folded state, we
recommend that further improvements also be measured
against the structural properties of disordered states and
the temperature dependence of fold stability of a wide
range of different protein folds. Such efforts would bewww.sciencedirect.com
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imental data probing the structure of the unfolded-state
ensemble under native conditions, as well as by contin-
ued advances in computer software and hardware that
would further extend the timescales accessible to MD
simulations, allowing computational folding studies of
larger and larger portions of the protein space.
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